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ABSTRACT 
The overarching goal of this dissertation is to investigate the impacts of anthropogenic 
climate change on the production of tornadoes by tropical cyclones (TCs) making landfall in the 
United States Atlantic Basin. Hurricane Ivan (2004), a prolific tropical cyclone tornado (TCT)-
producing storm, is the particular case under consideration. This dissertation also seeks to 
document changes in risk due to these changes in the tornado production in future climates. The 
work under this dissertation is associated with three objectives. 
The first objective is to verify the ability of the Weather Research and Forecasting (WRF) 
model to simulate Hurricane Ivan, and its TCT production, under its current-climate forcings. 
The simulated TC track and intensity matched well with observations post landfall, and the 
simulated TC structure closely replicated the observed structure in terms of its shape and primary 
rainbands. TC tornado surrogates (TCTSs) were identified and calibrated using thresholds based 
on percentile values of maximum updraft helicity (UHmax) and simulated radar reflectivity. 
Although the magnitude of UHmax generally decreased as the simulated TC moved inland, 
sensitivity testing revealed that a threshold based on the 99.95% percentile value of UHmax 
achieved optimal TCTS coverage and agreement with observed TCT tracks on WRF domains 
with 3-km and 1-km grid spacings. Three cells were identified at three different stages of the TC 
inland evolution and were found to have hook appendages resembling supercells found in non-
tropical environments. The cells produced storm tops of 13 km, with rotating cores with depths 
of 4 to 6 km. Doppler-radar-derived rotation tracks, which have been found to be useful to 
identify and track mesocyclones in Great Plains supercells, were evaluated for possible 
applicability to TC spawned tornadoes. 
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The second objective is to determine changes in surrogate TCT generation in future 
environments under climate change. This is done by comparing the control simulation (CTRL) to 
simulations conducted using a “pseudo-global” warming (PGW) approach, which allows for an 
assessment of impacts of climate changes on specific weather and climate events. The PGW 
simulations involve future climate conditions over the late (2080-2090) 21st century period 
under RCP 8.5, using the Community Climate System Model version 4 (CCSM4), Model for 
Interdisciplinary Research on Climate version 5 (MIROC5), and Geophysical Fluid Dynamics 
Laboratory Climate Model version 3 (CM3). Changes in TC intensity and TCT production for 
the PGW-modified Ivan are documented and analyzed. Compared to the CTRL, all three PGW 
simulations show an increase in TC intensity, as well as westward shifting tracks. The most 
significant changes are found in the accumulated rainfall over the course of Ivan’s progression 
overland. Regarding TCT production, MIROC produced more TCTSs than the CTRL overall, 
while the CM3 and CCSM4 models produced fewer TCTSs. An assessment of pre-landfall 
TCTSs shows that all three PGW TCs were more intense, and produced more TCTSs, than did 
the CTRL. 
The final objective seeks to understand how disaster risk might change under different 
hazard scenarios of a historical TCT-producing event modified by climate change, and 
simultaneously under projected changes in the exposed population. This study shows that 
Hurricane Ivan in a future climate results in a greater event-specific disaster risk, due in part to 
the increase in hazard from TCTSs, occurring in regions with vulnerable populations. The 
increase in risk for the future population is due to the shift in larger populations into more 
socially vulnerable areas. 
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CHAPTER 1: LITERATURE REVIEW 
 
1.1. TROPICAL CYCLONE TORNADOES 
In addition to coastal storm surge, tropical cyclones (TCs) produce strong winds, 
tornadoes, and flooding rains as they move inland (Czajkowski and Kennedy 2010). Secondary 
hazards such as these can lead to loss of life and property within inland communities (Rappaport 
2000, 2014). They also can complicate coastal evacuations, particularly if the coastal evacuees 
flee to inland locations affected by one or more of the aforementioned hazards. Further, more 
damaging, long tracked TCTs have been found to disproportionately occur away from the coast, 
which could impact communities who are not as aware or prepared for the impending threat 
(Moore et al. 2017; Shultz and Cecil 2009; Weiss 1985). Indeed, successful predictions of TC 
impact must exhibit skill in the TC track and intensity at landfall, and contemporaneously 
provide accurate and timely guidance on smaller-scale convective storms as the TC evolves 
inland. Implied here is the need for convection-allowing numerical prediction models (CAMs) 
(Kain et al. 2008, 2010), which have been proven to be valuable for predictions of convective 
hazards with synoptic and mesoscale forcings of non-tropical origins. Few studies, to our 
knowledge, have used CAMs for convective-hazard predictions within landfalling TCs. Such is 
the basic interest of this research, and a particular focus is placed herein on tropical-cyclone 
tornadoes (TCTs).             
A comprehensive review of TCT knowledge can be found in Edwards (2012). For 
example, although it is uncommon to have more than a few tornadoes per TC on average, there 
are TCs that have spawned over one hundred tornadoes. Such cases include Hurricane Beulah in 
1967 (115 TCTs), Hurricane Frances in 2004 (103 TCTs), and Hurricane Ivan in 2004 (118 
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TCTs) (Edwards 2010). The majority of these TCTs tend to be rated at the lower end of the 
Fujita and Enhanced Fujita scales. Stronger TCTs have been documented, however, such as in 
association with Hurricane Ivan 2004, which produced 18 F2 tornadoes and 1 F3 tornado 
(Edwards 2010). 
TCTs typically develop from “miniature supercells,” which are smaller than their 
midlatitude counterparts (McCaul 1991; McCaul and Weisman 1996; Baker et al. 2009; McCaul 
2004). Eastin and Link (2009) documented the dimensions of these miniature supercells and 
showed that they have an average mesocyclone diameter of about 5-7 km and an average depth 
of 4 km. These dimensions can make TCT detection difficult with operational Doppler radar and 
associated automated algorithms.  
Tornadic miniature supercells are commonly found in the outer rainbands, 200-400 km 
from the TC center (Shultz and Cecil 2009), although some tornadoes are known to have formed 
within the eye wall and inner core (McCaul 1991). The right front quadrant (RFQ) of the TC is 
favored for tornado development due to ample convective available potential energy (CAPE) and 
vertical wind shear and storm-relative environmental helicity (SRH) (McCaul 1991; Verbout et 
al. 2007). McCaul (1991) found that SRH and shear are maximized in the RFQ; CAPE is 
maximized on the right side but is largest in the rearward extent. TCs that make landfall along 
the U.S. Gulf Coast are more likely to have a higher number of reported tornadoes, since that 
coast is exposed to the RFQ longer than it would be to the Atlantic Ocean coast (Verbout et al. 
2007). The curvature of the TC track is also known to affect tornado development. Using 
synoptic composites of 83 TCs, Verbout et al. (2007) showed that mid-latitude troughs provide 
additional deep-layer and low-layer vertical wind shear, which favor mesocyclogenesis and 
tornadogenesis, respectively, when a TC recurves. There also exist a diurnal signal associated 
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with the number and strength of TCTs. Higher numbers of inland TCTs were found to occur 
during daytime hours since the TC supercell environment experiences a larger cycle of sensible 
heat flux over land (McCaul 1991; Shultz and Cecil 2009). 
The recent quasi-idealized modeling study by Morin and Parker (2011) has further 
increased our understanding of how dry air intrusions, the sea-to-land transition, and the time of 
day impact TC supercell development. They found that landfall and dry air intrusions are not 
necessary conditions for supercell development and that the most optimal conditions are found 
offshore, which is consistent with previous literature (Baker et al. 2009; Eastin and Link 2009; 
Molinari and Vollaro 2008). The sea-to-land transition does contribute to supercell development 
and intensification, due to the magnitude of the diurnal temperature changes over land versus 
over water. Finally, Morin and Parker (2011) found that the time of day when a TC makes 
landfall impacts the strength, number and lifetime of the idealized supercells. For example, their 
experiments with nighttime landfall produced fewer and shorter duration mesocyclones 
compared to experiments with daytime landfall (which is consistent with Curtis 2004 and Shultz 
and Cecil 2009). 
Methods to predict TCTs have been developed in tandem with these more basic research 
studies. Onderlinde and Feulberg (2014) used stepwise and logistic regression to narrow down 
six indicators that predicted favorable TCT environments, including: 0-3 km SRH, low- level 
CAPE (1000 – 950 hPa), 0-3 km vertical wind shear, time of day, distance from storm center and 
azimuth angle of tornado report from the storm center. Eastin et al. (2012) also used 
environmental variables to develop the Tropical Cyclone Tornado Parameter (TCTP), which is 
adapted from the Significant Tornado and Supercell Composite Parameters (STP and SCP), that 
are often used to forecast tornadoes occurring in non-tropical environments. The TCTP was 
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found to have more skill than the STP, SCP, and Bulk Richardson Number (BRN), in predicting 
favorable TCT environments.  
These and other environment-based approaches are limited by the underlying assumption 
that convective storms must have initiated first in order to realize the environmental CAPE, 
SRH, etc.  This limitation is removed in an approach wherein convective storms, and their 
initiation, are explicitly represented, as they are in CAMs. Thus, this research will apply the use 
of CAMs for the study of TCTs. The TCTs will be diagnosed through calculations of grid-scale 
updraft helicity (UH) and low-level vertical vorticity.  
Evaluation of this TCT surrogate will necessarily require the use of tornado reports. 
However, report-based data sources are known to have a number of issues (Trapp et al. 2006), 
which are exacerbated in TCs because storm spotters may have evacuated, and tornado damage 
might have been masked by the TC-winds themselves. Doppler-radar-derived rotation tracks 
(e.g., Dawson et al. 2017) might be especially valuable for this problem, and thus will be 
explored herein. 
1.2. TROPICAL CYCLONES AND CLIMATE CHANGE 
 
Assessments from the Intergovernmental Panel on Climate Change (IPCC) show that the 
frequency of TC genesis in the North Atlantic Basin will be reduced under future climate 
conditions (Bender et al. 2010; Villarini and Vecchi 2013). Despite fewer TCs, those that do 
develop will be more intense, owing to warmer sea surface temperatures (Emanuel 2005; Elsner 
et al. 2008; Vecchi and Soden 2007; Vecchi et al. 2008; Villarini et al. 2010; Ramsay and Sobel 
2011; Villarini and Vecchi 2012). Much effort has been put forth to understand the impacts of 
climate change on the tracks and intensities of TCs, as well as on the coastal impacts such as 
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rainfall, surge, and winds (e.g. Emanuel et al 2008; Emanuel 2013; Mendelsohn et al. 2012; 
Villarini and Vecchi 2013). However, little to no research has focused on the climate-change 
impacts of the severe local weather resulting from TCs, such as tornadoes (TCTs) and flash 
flooding: This is an important shortcoming because, based on the fact that the number of TCTs 
generated per TC event tends to depend on the TC intensity (Rhodes and Senkbeil 2014; Moore 
and Dixon 2011; Verbout et al. 2007; McCaul 1991; Weiss 1985; Gentry 1983; Novlan and Gray 
1974), it is hypothesized that a future increase in TC intensity will mean an increase in TCT 
generation. This research gap is in part due to the relatively coarse resolution of global climate 
models, and the computational expense in dynamical downscaling at high resolutions over large 
regions necessary to resolve such features. There are studies, however, using high resolution 
regional models to dynamically downscale global climate models (GCM) assessing convective 
storm environments (e.g. Trapp et al. 2011; Robinson et al. 2013; Gensini and Mote 2014; 
Gensini and Mote 2015). The current research uses a pseudo global warming (PGW) approach 
motivated largely by the work of Trapp and Hoogewind (2016) and Lackmann (2015) to 
document changes in TCTs due to anthropogenic climate change. 
The PGW method was introduced by Schär et al. (1996) and Frei et al. (1998) and is 
sometimes referred to as a “surrogate climate change scenario” (Schär et al. 1996). The PGW 
method involves the simulation of a historical weather or climate event under its original time-
dependent 3D meteorological forcing (the “control”), which is then compared to a simulation in 
which the meteorological forcing has been modified by a “climate-change delta”. Lackmann 
(2015) applied the PGW method to simulate Hurricane Sandy (2012) with climate-change deltas 
derived from GCMs in phase 3 of the Coupled Model Intercomparison Project (CMIP3). He 
found that in a past climate, Hurricane Sandy was weaker and tracked farther south than 
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observed, whereas in a future climate (under the A2 climate-change scenario), Sandy had a 
statistically significant increase in intensity, and a more northward track. To address extreme 
tornadic events in future climates, Trapp and Hoogewind (2016) applied the PGW method using 
data from three GCMs in CMIP5 under RCP 8.5. They found that some storms had significantly 
more intense updrafts and stronger low-level vertical vorticity in the future environment, while 
others failed to initiate because of increased convective inhibition and reduced forcing. It was 
confirmed that the future thermodynamic environment had a large impact on tornadic storms.  
 Herein, the basic methodology used in these key studies will be applied to Hurricane Ivan 
(2004), to understand if its high rate of TCT generation is further enhanced under PGW.   
1.3. TROPICAL CYCLONE FATALITIES AND RISK 
 
The hazardous impacts that TCs pose to the communities in their path are well known 
(Davidson and Lambert 2001; Pomp and Haluska 2011; NOAA 2012). Research shows a decline 
in the number of fatalities, owing to improvements in evacuating residents from storm surge and 
flood zones (Rappaport 2000; Willoughby et al. 2007).  However, Czajkowski and Kennedy 
(2010) mention that there is not a decline in the lethality of TCs when the number of inland 
flooding fatalities is included.  Although great efforts have been made to decrease the lethality of 
TCs near landfall (Kunkel et al. 1999; Rappaport 2000; Sadowski and Sutter 2005; Baker et al. 
2007), fewer efforts have focused on inland communities because the main impacts (i.e. surge) 
are along the coast.  
In addition to inland flooding, TCs also produce strong winds and tornadoes as they 
move over land (Czajkowski and Kennedy 2010). A more recent study by Rappaport (2014) 
found that rain and tornado related fatalities were more likely for more intense hurricanes 
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(category 3 and higher), even though surge made up most of all hurricane fatalities. This is 
consistent with the finding of Carroll-Smith (2014) a high frequency of TCTs in the Mid-Atlantic 
states, as well as in Florida, southern Alabama, and central Mississippi. These areas also had 
moderate to high frequencies of flash flooding compared to surrounding areas. Secondary 
hazards such as these can complicate emergency evacuations, particularly if the evacuees flee to 
locations frequently affected by the inland TC threats. In other words, as evacuees move away 
from the coastal hazards (e.g. surge and wind), they may inadvertently place themselves in the 
paths of violent tornadoes or areas of localized flooding.  
TCTs particularly complicate evacuation efforts given that TCT generation can start 12 
hours prior to and persist 48 hours post the TC landfall (Shultz and Cecil 2009). Using agent-
based modeling, Carroll-Smith (2014) simulated the county-level dynamic risk due to TCTs as 
the parent cyclone moved inland. Risk herein is defined as the product of the exposure, social 
vulnerability, and hazard, to be discussed in more detail in chapter 4. Changes in one or all the 
variables could change the associated risk, and zero risk can occur if at least one of the variables 
equal to zero. For example, in Carroll-Smith (2014), the dynamic risk changed based on the 
proximity of the county relative to the TC center. Given that TCT generation is favored within 
the right front quadrant of the TC (McCaul 1991; Verbout et al. 2007), the risk of a county would 
increase while the county was in that quadrant. Risk was also shown to change as evacuees 
moved away from their base location, taking their vulnerability with them to the county they 
inhabited. Because the evacuees added (temporarily) to the county’s population, they would also 
increase the exposure of that county (and thus decrease the exposure of their base county). 
Based on the hypothesis posed in section 1.2, it is hypothesized that an increase in the intensity 
of TCs in future climates will increase the production of TCTs and therefore increase the 
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disaster risk in inland and coastal communities. It is further hypothesized that the increase in 
disaster risk will be twofold: 1. The hazard itself in future environments will increase, thereby 
increasing the disaster risk, and 2. The increase in the exposed population will place more 
people in harm’s way, increasing the disaster risk. A county-level, event-based risk analysis 
will be used to address these hypotheses. 
1.4. OBJECTIVES 
1.4.1. Objective 1  
 
The first objective of this research seeks to establish the ability of the Weather Research 
and Forecasting (WRF) model to accurately capture tornadic convective storms embedded in TC 
rainbands when implemented as a CAM. This research also seeks to document the structure of 
TC supercells overland near Ivan’s extratropical transition, focusing on storm scale variables, 
structure, intensity and size. Lastly, this work will test the utility of rotation tracks to verify TC 
spawned tornadoes. A manuscript detailing the work under this objective has been submitted for 
publication in the Electronic Journal of Severe Storms Meteorology (Carroll-Smith, Dawson, and 
Trapp, 2018, High Resolution Real-data WRF Modeling and Verification of Tropical Cyclone 
Tornadoes Associated with Hurricane Ivan 2004, in review). This work is also reported in 
Chapter 2.  
1.4.2. Objective 2 
 
The second objective is to understand the changes in TCT generation under climate 
change. This is motivated by the projections of more intense TCs in future climates, which will 
in turn amplify the TC environment and potentially increase the threat of more numerous, and 
possibly violent, tornadoes. Objective 2 is achieved using the PGW methodology, as applied to 
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Hurricane Ivan (2014). PGW is described using three GCMs in CMIP5 under RCP 8.5. TCT 
surrogates (TCTS) are identified using the methodology described in Chapter 2. Changes in 
TCTS generation under different GCM scenarios will be documented, along with changes in the 
relevant synoptic and mesoscale environment. A manuscript detailing the work under this 
objective will be submitted for publication in the Journal of Applied Meteorology and 
Climatology (Carroll-Smith and Trapp, 2018, An Influence of Anthropogenic Climate Change on 
Tropical Cyclone Tornadoes, in preparation). This work is also reported in Chapter 3.   
1.4.3. Objective 3 
 
The third and final objective of this work seeks to understand the disaster risk, and in 
particular, assess county level impacts from changes in TCTs as determined in Objectives 1 and 
2. The increased threat of TCTs due to climate change can complicate evacuation efforts, by 
potentially limiting the options of evacuees fleeing from threats. The changes in the associated 
risk are determined for the specific event of Hurricane Ivan (2014). Risk will first be assessed 
using the TCTS hazard from Chapters 2 and 3 and the most current 2010 census projections for 
total population, and then recalculated using projected total population for 2090. A manuscript 
detailing the work under this objective will be submitted for publication in the journal Weather, 
Climate, and Society (Carroll-Smith and Trapp, 2018, Assessing the Societal Impacts of Tropical 
Cyclone Tornadoes in Future Environments, in preparation). This work is also reported in 
Chapter 4. 
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CHAPTER 2. HIGH RESOLUTION REAL-DATA WRF MODELING AND 
VERIFICATION OF TROPICAL CYCLONE TORNADOES 
 
2.1. INTRODUCTION 
 
This chapter will address the first objective: Verify the ability of the Weather Research 
and Forecasting (WRF) model to accurately simulate tropical cyclone tornado (TCT) generating 
storms and TCT surrogates. This will be done by validating the use of a convection-permitting 
model (CAM) for TCT forecasts. Currently, tornado prediction is done through an evaluation of 
grid-scale updraft-helicity (UH) and low-level vertical vorticity, and the usefulness of this 
method for TCTs will be evaluated in this study. This research also seeks to document the 
structure of TC supercells overland near Ivan’s extratropical transition, focusing on storm scale 
variables, structure, intensity and size. Lastly, this work will test the utility of Doppler-radar-
derived rotation tracks to verify TCTs. 
2.2. METHODOLOGY 
 
Hurricane Ivan (2004), responsible for 25 deaths in the U.S. and $18.8 billion (2004 
USD) in damages, serves as the case study for this research. Ivan (2004) made landfall at 07 
UTC on 16 September 2004 in Gulf Shores, Alabama, as a Category 3 hurricane. Ivan (2004) 
produced significant rainfall amounts, which contributed to vast inland flooding, and spawned 
118 tornadoes (see Table 2.1). The tornadoes were concentrated during the following three 
periods:  36 TCTs during the landfall (LF) period (18 UTC 15 September 2004 to 18 UTC 16 
September 2004); 23 TCTs during the mid-landfall (ML) period (18 UTC 16 September 2004 to 
18 UTC 17 September 2004); and 59 TCTs during the extratropical transition (ET) (18 UTC 17 
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September 2004 to 18 UTC 18 September 2004).  These periods guided aspects of the model 
configuration, as described next.     
Day/Time (UTC)  TCT counts 
15/18-18/18 118 
15/18-16/18 36 
16/18-17/18 23 
17/18-18/18 59 
Table 2.1. Observed TCT counts 
2.2.1. Model configuration and data 
 
Ivan’s (2004) landfall and successive evolution are simulated over the interval 00 UTC 
14 September 2004 to 00 UTC 19 September 2004 using version 3.7 of the Advanced Research 
core of the Weather Research and Forecasting model (WRF-ARW; Skamarock et al. 2008). The 
computational domain consists of an outer domain with 9-km horizontal grid spacing, and two 
nested domains with 3-km and 1-km horizontal grid spacing (referred to as the 9-km, 3-km, 1-
km domains, respectively) (Fig. 2.1). The center of the 1-km domain is defined by the three 
periods (LF, ML, ET), associated with Ivan’s evolution inland, thus allowing an assessment of 
supercell structure at each stage. WRF is integrated over a five-day interval for the 9-km and 3-
km domains, and over one-day intervals for the 1-km domains, as defined by the spatial and 
temporal boundaries set for the LF, ML, and ET periods (see Table 2.1 and Fig. 2.1). Initial and 
boundary conditions are supplied by the 6-hourly National Center for Environmental Prediction 
Final (NCEP FNL) Operational Global Analysis dataset, which is on a 1-degree by 1-degree 
horizontal grid resolution, and at 26 mandatory levels from 1000 to 10 hPa (NCEP/NOAA 
NWS/Dept. of Commerce 2000). The NCEP FNL data are the same Global Forecast System 
(GFS) but delayed incorporating more observations.  
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Figure 2.1. Configuration of WRF computation domain: 9 km parent domain, nested 3 km 
domain, and three separate nested 1-km domains for the a) LF, b) ML, and c) ET periods (see 
text).  
 
The following WRF model configuration is based on guidance from sensitivity tests 
(Appendix A) and previous tropical cyclone studies. The Kain-Fritsch (Kain 2004) scheme is 
used to parameterize cumulus convection only on the outer domain; convective processes are 
explicitly represented on the 3-km and 1-km nests. On all three grids: the updated Rapid 
Radiative Transfer Model (RRTMG; Iacono et al. 2008) scheme is used to parameterize 
longwave and shortwave radiation; the Eta surface layer scheme and Noah land surface model 
(Chen and Dudhia 2001) are used for surface layer interactions and surface physics, respectively; 
the Mellor-Yamada-Janjic (MYJ; Janjic 1994) scheme parameterizes planetary boundary layer 
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processes; and the Thompson scheme (Thompson et al. 2008) is used to parameterize the cloud 
and precipitation physics. To improve upon the intensity forecasts, sea surface temperatures are 
updated every 6 hours, and the “isftclx” is activated using the Garratt formulation (as discussed 
in Lackmann 2015). 
2.2.2. TCT surrogates 
 
TCT surrogates (TCTS) are diagnosed (on land points only) using a simple exceedance 
algorithm based on simulated radar reflectivity factor (SRF) and updraft helicity (UH). Updraft 
helicity is a measure of the intensity of a rotating updraft and is defined as the vertical integral of 
the product of vertical velocity (w) and vertical vorticity ( ) (Kain et al. 2008) between two 
height levels (z).  
                                                 (2.1) 
This work uses run-time maximum updraft helicity (UHmax) computed between z1 =2 and z2 = 5 
km AGL, at hourly (5 min) frequencies on the 3-km (1-km) domain(s). UHmax has been widely 
used in severe weather applications to identify supercells and associated hazards such as 
tornadoes (e.g., Kain et al. 2010; Carley et al. 2011; Clark et al. 2012, 2013; Sobash et al. 2011, 
2016; Schwartz et al. 2015; Dawson et al. 2017). Despite previous work by Green et al. (2011) 
finding UH to be of little use in identifying TC supercells in Hurricane Katrina (2005), 
preliminary findings with simulations of Ivan (2004) show value in the use of UH, motivating 
the work herein. In previous work such as Dawson et al. (2017), percentiles of the UHmax 
distribution were used as thresholds to identify surrogates. This approach helps account for the 
resolution dependence of UHmax and to account for the relative infrequency of tornado-
generating convective storms within TCs. Accordingly, the 99.5%, 99.9%, 99.95%, and 99.99% 
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percentile values of the distribution of all non-zero UHmax values in the Ivan simulation are 
used to define and then test four different threshold values (see Table 2.2). As noted, TCTS 
identification algorithm required exceedance of a UHmax threshold as well as a SRF threshold, 
set here to 30 dBZ.  
 Period 99.50% 99.90% 99.95% 99.99% Max 
3km LF,ML,ET 32.01 65.71 82.66 146.75 356.05 
1km_COMP LF,ML,ET 158.34 377.66 512.42 933.20 2129.07 
1km_IND LF 265.39 603.35 785.34 1248.19 2129.07 
 ML 133.67 311.70 416.77 828.26 2126.08 
 ET 114.92 250.07 320.41 483.44 1110.96 
Table 2.2. Percentile values of UHmax (m2 s-2) for the 1 km and 3 km domains. 1 km_COMP 
and 1 km_IND represent the composite and individual thresholds, respectively. 
 
Percentile values of UHmax are assessed on the 3-km domain over the entirety of the 
simulation as well as over each of the three periods (LF, ML, and ET) (Table 2.2). To test the 
competence of the 3-km domain to represent TCT-generating storms, percentile values of 
UHmax are also assessed on the 1-km domains over each period (LF, ML, and ET), from which 
a composite value was determined (1-km_COMP; Table 2.2). Not surprisingly, higher 
percentiles consistently yielded higher threshold values, which consequentially reduced the 
number of TCTSs on both the 3-km and 1-km domains for all periods (Tables 2.3). The rational 
for choosing one threshold over another is provided in section 3b.   
 Period 99.50% 99.90% 99.95% 99.99% 
3km LF,ML,ET 8414 1875 928 190 
1km_COMP LF 22079 6632 3793 841 
 ML 11740 1992 939 202 
 ET 9891 1053 352 16 
1km_IND LF 11334 2635 1381 297 
 ML 15380 3116 1547 262 
 ET 16775 3640 1849 437 
Table 2.3. Numbers of TCTSs for the 3km and 1km domains for each threshold. The 1 
km_COMP threshold was applied to the LF, ML, and ET periods. 
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2.2.3. Rotation tracks 
 
The existence of rotating storms within the Ivan simulations is further assessed using 
radar-derived rotation tracks, which are diagnosed here using software developed at the National 
Severe Storms Laboratory. Rotation tracks are a measure of azimuthal shear observed when 
radial velocities rapidly change across the azimuth angle of a radar scan (Smith and Elmore 
2004). Rotation tracks have proven useful in identifying mesocyclone tracks (e.g., Miller et al. 
2013) and verifying supercell surrogates in NWP model forecasts (e.g., Skinner et al. 2016; 
Dawson et al. 2017). While the underlying Doppler radar data are subject to the limitations of 
Doppler radar sampling (Wood and Brown 1997), rotation tracks provide a more expansive 
dataset than local storm reports and are not subject to the non-meteorological biases seen in the 
storm reports database (e.g., Trapp et al. 2006).  
For this work, rotation tracks are generated using Level II data from Weather Surveillance 
Radar-1988 Doppler (WSR-88D) radars (Crum and Alberty 1993) and the Warning Decision 
Support System–Integrated Information (WDSS-II; Lakshmanan et al. 2007) software package. 
Due to unavailability of critical data from several WSR-88Ds in southern Alabama, southern 
Georgia, and northern Florida (NCDC Joe Chrisman 2016, personal communication), generation 
of rotation tracks is limited to the ET period. Data from 18 UTC 17 September to 08 UTC 18 
September 2004 from the following radars are used to generate the rotation tracks: 
Norfolk/Richmond, Virginia (KAKQ), State College, PA (KCCX), Philadelphia, PA (KDIX), 
Roanoke, VA (KFCX), Greer, SC (KGSP), Wilmington, NC (KLTX), Sterling, VA (KLWX), 
Morehead City, NC (KMHX), Pittsburgh, PA (KPBZ), Raleigh/Durham, NC (KRAX), and 
Charleston, WV (KRLX). To match the reflectivity criterion applied when determining TCTSs, 
azimuthal shear is only computed where radar reflectivity exceeded 30 dBZ. As in Dawson et al. 
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(2017), rotation tracks are generated using maximum azimuthal shear in the 0-3 km AGL layer. 
These data are then interpolated to the 1-km grid used for the ET simulation. More 
comprehensive information on the process of generating the rotation tracks using WDSS-II is 
provided in Dawson et al. (2017).  
2.3. RESULTS 
2.3.1. Simulation overview 
 
The WRF-simulated Ivan made landfall near Dauphin Island (Mobile County), Alabama, 
about 48 km west of the observed landfall location of Orange Beach (Baldwin County), Alabama 
(Fig 2.2a). Agreement converges between the simulated and observed IBTrAC (Knapp et al. 
2010) track as the TCs move inland. The IBTrAC data also show that the simulated storm, which 
had a Category 2 intensity at landfall, was 16 hPa weaker than that observed, but soon matched 
that of the observed intensity. This low intensity bias over the ocean has been seen in other WRF 
simulations of landfalling hurricanes (see Gentry and Lackmann 2010; Lackmann 2015). 
Coupled ocean-atmosphere models have been used to account for this discrepancy; however, 
since the focus is on inland tornadoes, the present method is sufficient.  
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Figure 2.2. (a) Observed (black dashed) and simulated (blue) TC track; (b) observed (black) and 
simulated (blue) TC intensity, defined by minimum sea level pressure at 6hrly time steps 
beginning at the 24th forecast hour. Orange line represents landfall time. 
 
SRF within the LF, ML, and ET periods was compared to composite reflectivity 
observations during these periods (Fig. 2.3). Good qualitative agreement is found between SRF 
and observed composite reflectivity, particularly in terms of Ivan’s evolving shape, size, and 
rainband structure. The extensive rainband during the ML and ET periods is of importance 
because it hosted numerous rotating updraft cores (section 2.2.2). The rainband also generated 
significant precipitation, as shown by an assessment of the accumulated rainfall between 00 UTC 
14 September to 00 UTC 19 September (Fig. 2.4). A comparison between the simulated and 
observed rainfall also shows agreement in the overall rain patterns, especially in the general 
locations with the heaviest rain totals: the panhandle of Florida and southern Alabama, along the 
Tennessee–North Carolina border, and southwestern Ohio and Pennsylvania (Fig. 2.4).  
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Figure 2.3. Observed composite radar reflectivity factor (dBZ) (a-c) representing LF, ML and ET 
at times 06 UTC 16 Sept. 01 UTC 17 Sept. and 20 UTC 17 Sept. 2004 respectively, compared to 
simulated radar reflectivity factor (dBZ) (d-f) at times 0830 UTC 16 Sept., 0030 UTC 17 Sept., 
and 20 UTC 17 Sept. 2004. 
 
 
Figure 2.4. Observed (a) and simulated (b) accumulated rainfall (inches) for Ivan. The observed 
rainfall image is courtesy of the NOAA Weather Prediction Center 
(http://www.wpc.ncep.noaa.gov/tropical/rain/ivan2004.html).
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2.3.2. TCT surrogates, and their sensitivity to UHmax  
 
While a demonstrated agreement between simulated and observed TC-scale structure is 
important, of most relevance is the agreement between TCTS and observed TCT locations and 
frequency. Figure 2.5 shows a comparison of TCT tracks over land and TCTSs identified using 
the 99.5%-99.99% thresholds on the 3-km domain (Table 2.3). Although there are differences in 
Ivan’s simulated track during the ET period, the spatial distribution of the TCTSs is like that of 
the observed TCTs. The majority of the TCTs are located on the right side of the TC track, until 
the ET period when both TCTSs and observed TCTs are found on the right and left side of the 
TC track. There are also TCTSs in locations where no tornadoes were reported, which we 
address below. Visually, the 99.95% threshold produced the desired result of sufficient TCTS 
coverage without overprediction (as seen when using the 99.5% threshold; see Fig. 2.5b).  
 
Figure 2.5. (a) Observed TCT tracks (adapted from Edwards 2012) and (b-e) simulated TCTS 
based on UHmax thresholds using the 99.5%-99.99% values. The observed and simulated TC 
track is overlaid on the respective plots, annotated by the period. 
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To quantitatively compare the TCTSs to the observed TCTs, grid points were assigned to 
observed TCT tracks using a distance-based selection method in ArcGIS version 10.5.1. 
Specifically, all grid points in the 3-km domain that were within 3 km of an observed TCT track 
were counted as “TCT track points” (Table 2.5). A total of 546 points were assigned to the 
observed TCT tracks on the 3-km domain, compared to the 8414, 1875, 928, and 190 points from 
the TCTSs using the 99.5%-99.99% percentile thresholds (Table 2.3). See Appendix B for the 
observed TCT track point grid.  
This quantification alone would appear to support the use of the 99.95% or 99.99% 
thresholds, but confirmation of this is sought by a slightly different quantification, namely, the 
percentage of domain covered (PDC). PDC is defined as the ratio of the number of points 
exceeding the UHmax threshold to the total number of points in the 3-km (and 1-km) domain(s). 
The goal is to have the simulated PDC (Table 2.4) as close to or slightly greater than the 
observed PDC (Table 2.5) to ensure broad coverage of TCTSs without including inessential or 
physically insignificant features. Consistent with the qualitative assessment, the 99.95% 
threshold (UHmax of 82.66 m2s-2) yields a PDC of 0.223%, which compares favorably to the 
observed PDC of 0.144%. The 99.9% (99.99%) threshold yields a PDC of 0.451% (.046%), 
suggesting a TCTS overprediction (underprediction) (Table 2.4)  
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 Period 99.50% 99.90% 99.95% 99.99% 
3km LF,ML,ET 2.03 0.451 0.223 0.046 
1km_COMP LF 4.81 1.45 0.827 0.183 
 ML 1.98 0.335 0.158 0.034 
 ET 1.97 0.209 0.070 0.003 
1km_IND LF 2.47 0.575 0.301 0.065 
 ML 2.59 0.525 0.260 0.044 
 ET 3.34 0.724 0.368 0.087 
Table 2.4. Same as Table 2.3, except PDC values (%). 
 
Next is a consideration of TCTSs identified using the UHmax thresholds determined on 
the 1-km domains (Table 2.3). When using composite values (i.e., thresholds based on the 
distribution of UHmax pooled from the three 1-km domains used for each of the three periods), 
the TCTSs diagnosed using the 99.9% threshold value of UHmax (377.66 m2s-2) have the best 
overall spatial agreement with the observed TCTs (Fig. 2.6). Separated by period, the TCTSs 
diagnosed during LF and ML using the 99.99% and 99.95% composite threshold values, 
respectively (933.20 m2s-2 and 512.42 m2s-2; Fig. 2.6), compare best to the observations, whereas 
the TCTSs diagnosed during ET using the 99.9% value (377.66 m2s-2; Fig. 2.6) have the best 
qualitative comparison.  
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Figure 2.6. Comparison of observed TCT tracks (a-b) to TCTS for the 99.5% (d-f), 99.9% (g-i), 
99.95% (j-l), and 99.99% (m-o) percentile thresholds for 1 km_ALL. 
 
For a quantitative assessment, track points are again assigned to the observed TCTs, 
except now relative to grid points in each of the three 1-km domains. This yields 471 points for 
LF, 173 points for ML, and 498 points for ET periods (Table 2.5). As a brief aside, it was 
somewhat surprising that there were nearly the same number of track points during the LF period 
as during the ET period, even though there were fewer tornadoes reported during LF than ET.  
This suggests that the TCTs near Ivan’s landfall, though mostly weak (F/EF0-1), were longer 
tracked than the stronger (F/EF2-3) TCTs that occurred during Ivan’s extratropical transition. 
The TCT track lengths (Table 2.5) support this statement, where the maximum track length 
during LF (ET) was 50.1 km (39.0 km), and the mean track length during LF (ET) was 7.1 km 
(5.3 km).   
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PERIOD (DOMAIN) MAX TRACK 
LENGTH 
(KM) 
MEAN 
TRACK 
LENGTH 
(KM) 
SUM TRACK 
LENGTH (KM) 
TRACK 
POINTS 
PDC 
LF (1-KM) 50.1 7.1 257.2 471 0.103 
ML(1-KM) 22.3 5.3 150.3 173 0.029 
ET(1-KM) 39.0 5.3 286.1 498 0.099 
LF,ML,ET(3KM)    546 0.144 
Table 2.5. Statistical values of TCT track lengths for 1-km domain program down by period, and 
track points and percentage of domain covered for1-km domain broken down by period and 3-
km domain. 
 
The PDC for the observed TCTs on the 1-km domains are 0.103%, 0.029%, and 0.099% 
for the LF, ML, and ET periods, respectively (Table 2.5). The PDC for TCTSs on the 1 km grid 
generally agree with results from the spatial assessment, with the 99.99% threshold resulting in 
0.183% and 0.034% coverage for the LF and ML periods, and the 99.9% threshold resulting in 
0.209% coverage for the ET period. Unlike the observed TCTs, which generally increase inland, 
the TCTSs decrease as Ivan moves inland for all percentile thresholds (Table 2.3). This is 
attributed in part to the use of a single UHmax threshold for all periods, versus one unique to 
each period, as discussed next.  
Based on the hypothesis that the potentially tornado-generating convective storms have 
rotating-updraft intensities that vary with TCT evolution over land, thresholds based on the 
distributions of UHmax within each period, and thus over each 1-km domain, are evaluated. The 
most favorable spatial representation of TCTSs for each period is provided by the use of the 
99.95% thresholds (785.34 m2s-2, 416.77 m2s-2, and 320.413 m2s-2 for LF, ML, and ET 
respectively). The PDC values support the use of the period-specific 99.95% thresholds for LF 
and ET, and the 99.99% thresholds for the ML period. The period specific thresholds (1-
km_IND; Table 2.2) for the 1-km domains also yield an increase in TCTSs (1-km_IND; Table 
2.3) as Ivan traverses inland, which was shown in the TCT reports (Table 2.4).  
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Ultimately, it appears that the best threshold to use overall is based on the 99.95% value 
of UHmax, which provides favorable results for two of the three periods using the composite 
threshold, and all three periods using the individual UHmax threshold. This recommendation 
comes despite the 99.9% percentile threshold showing favorable results for the LF period for the 
1-km composite UHmax threshold. These findings highlight the complexity of using the same 
threshold from the UHmax distribution verses calibrated thresholds based on the stage of Ivan’s 
inland life propagation. This is evidenced by the ability to use higher individual thresholds for all 
periods, and still produce favorable results (Fig. 2.7). These results could suggest that using a 
‘one-size-fits-all’ UHmax threshold could lead to over detection near landfall and under 
detection as a TC moves inland. A further assessment of these complexities will be a focus of 
future work, in efforts to understand the transitions of (and mechanisms for) different convective 
modes as the TC moves inland. See Appendix C for tabulated values in this section.  
 
Figure 2.7. Comparison of observed TCT tracks (a-c), to TCTSs based on 1 km_IND (d-f) and 1 
km_ALL (g-i) for the 99.9% percentile thresholds for each period. 
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2.3.3. Structure of rotating convective storms during LF, ML, and ET 
 
To address the aforementioned hypothesis of a dependence of rotating-storm structure on 
inland TC evolution, such structure of various convective storms during each of the three periods 
is analyzed. Specific cells meeting both the composite UHmax and reflectivity criterion in the 
hourly output are identified and further scrutinized using 5-min output on the 1-km domains. 
Horizontal cross sections are then used to document the size, intensity, and depth of a 
representative cell exhibiting a peak in UHmax for each period.  
 The following three cells are considered: Cell one (C1; Fig. 2.8) occurred during LF at 
0850 UTC 16 September 2004, Cell two (C2; Fig. 2.10) occurred during ML at 2250 UTC 16 
September 2004, and Cell three (C3; Fig. 2.11) occurred during ET at 0025 UTC 18 September. 
All three cells had tops reaching up to 13 km and had relatively deep rotating updraft cores 6 km 
in depth for C1 and 4 km in depth for C2-3. Note that the rotating updraft cores were identified 
based on overlapping vertical velocity and vertical vorticity maxima greater than 10 m s-1 and 
0.01 s-1 respectively. Examples of this overlap are shown at the 1- and 3-km levels (Fig. 2.8-10). 
All three cells also exhibited maxima in vertical vorticity at 500 m, providing confidence that 
these storms could be considered tornadic (Fig. 2.8-10). C2 had the strongest low-level rotation, 
with 500-m vertical vorticity exceeding 0.02 s-1. It should be noted that several other storms in 
each period (not shown) also exhibited maximized vertical vorticity and velocity over 3-4 km in 
depth, with some storm tops reaching up to 10 km.  
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Figure 2.8. Panned view (a) of a cell from 1 km domain at 0850 UTC 16 Sept. 2004, with a 
dashed box signifying location where horizontal cross sections were taken at (b) 3 km, 1 km, and 
(c) 500 m AGL. SRF (dBZ) is represented by shaded contours, vertical vorticity > 0.01 s-1 by 
white dashed contour, and vertical velocity > 10 m s-1 by solid blue line. Evidence of low level 
rotation is shown in (c). 
 
Figure 2.9. Same as Fig. 8 except 2250 UTC 16 Sept. 2004. 
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Figure 2.10. Same as Fig. 8 except ET 0025 UTC 18 Sept. 2004. 
 
Overall, the types of convective modes associated with TCTs, as identified by Edwards 
(2012), are represented in this model simulation. C1 has discrete cell characteristics, while C2 
and C3 represented cells embedded within a line of storms. Additionally, each of these cells have 
hook-echo-type reflectivity appendages, and thus at least have some resemblance to the more 
isolated cells that ensue in the Great Plains, for example.  
These cell structures are based on output on the 1-km grids, but a relevant question for 
operational applicability is whether these structures would also be identifiable on the relatively 
coarser grids used in operational CAMs. Therefore in Fig. 2.11 we show C1 as realized on the 3-
km grid from hourly output. It is noteworthy that C1 on the 3-km grid has the same basic 
features as exhibited on the 1-km grid (Fig. 2.11). The suggestion of this analysis is that, while 
better resolved with 1-km grid spacings, potentially tornadic cells in TCs can still be represented 
on grids with 3-km spacings. 
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Figure 2.11. Same as Fig. 8 except for the 3-km grid, and for vertical vorticity > 0.005 s-1 and 
vertical velocity > 5 m s-1. 
 
2.3.4. Rotation Tracks associated with Ivan 
 
This section closes with a radar-limited (see section 2.2) exploration of the use of rotation 
tracks as an alternative data source for TCT identification and model verification. Recall the 
premise that tornado reporting in TC situations is especially prone to errors because of 
evacuations, flooding, and TC-scale wind damage. Figure 2.12 reveals several clearly 
identifiable tracks in northern Virginia (and near the KLWX radar). These correspond to the 
numerous TCTs reported in northern Virginia, implying that heightened azimuthal shear could 
be used to approximate observed tornadic mesocyclones. However, numerous tracks are also 
obvious in southeast Virginia near the KAKQ radar, but no TCTs were reported in this area. This 
latter result suggests that 1) TCTs occurred and were not reported in southeast Virginia, 
especially near and within the Great Dismal Swamp National Wildlife Refuge, and/or 2) these 
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convective storms generated mesocyclonic rotation but did not go on to produce tornadoes. Both 
suggestions are plausible, and the true result is likely a combination of these two. 
Altogether, this analysis highlights the challenge of identifying and issuing warnings on 
tornadic convective storms within TCs. With smaller dimensions than their traditional 
counterparts, these miniature supercells further stretch the limitations of the radar observing 
network. In the case of Hurricane Ivan, the convective storms needed to be near a radar to 
provide a clear signal of low-level rotation. Even so, the prominent rotation tracks in southeast 
Virginia appear to indicate that strong low-level rotation (as measured by azimuthal shear) is not 
necessarily a definite sign of imminent tornadogenesis. The uncertainties of this work could be 
investigated further with a more recent case that allows for leveraging of higher resolution radial 
velocity data and the addition of dual polarization data to aid identifying potential mesocyclones 
and successful tornadogenesis via tornado debris signatures, respectively. 
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Figure 2.12. Rotation tracks for 1800 UTC 17 September 18 UTC to 18 September. Tornado 
tracks for this same period are represented by black line segments or dots.  
 
2.4. CONCLUSIONS 
 
This study used high-resolution real-data WRF simulations of Hurricane Ivan (2004), to 
document the existence and structure of potentially tornadic supercells embedded in tropical 
cyclone (TC) rainbands.  The simulated TC track and intensity matched well with observations 
post landfall, and the simulated TC structure closely replicated the observed shape and 
rainbands. TC tornado surrogates (TCTSs) were identified and calibrated using thresholds based 
on percentile values of maximum updraft helicity (UHmax) and simulated radar reflectivity. 
Although the magnitude of UHmax generally decreased as the simulated TC moved inland, 
sensitivity testing revealed that a threshold based on the 99.95% percentile value of UHmax 
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achieved optimal TCTS coverage and agreement with observed TCT tracks on domains with 3-
km and 1-km grid spacings. Nonetheless, the complexity in choosing a proper threshold was 
revealed through the sensitivity tests. Three cells were identified at three different stages of the 
TC inland evolution and were found to have hook appendages resembling supercells found in the 
Great Plains. The cells produced storm tops of 13 km, with rotating cores with depths of 4 km. 
Overall, this study highlights the use of UHmax in a CAM such as WRF as a potentially 
useful tool in forecasting TCT generation. Although improvements in storm-scale forecasts using 
a higher resolution domain is in agreement with Schwartz et al. (2017), the results from the 3-km 
grid show promise for CAM applications in operational settings (Fig. 2.11). Future work will 
include simulations of recent TC events, which will also allow us to further explore the use of 
rotation tracks when determined using higher resolution radial velocity data.   
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CHAPTER 3: AN INFLUENCE OF ANTHROPOGENIC CLIMATE 
CHANGE ON TROPICAL CYCLONE TORNADOES 
 
3.1. INTRODUCTION 
 
Chapter 2 established the utility of high-resolution (convection-allowing) numerical 
modeling to simulate Hurricane Ivan (2004) and associated tornadic supercells embedded within 
tropical cyclone (TC) rainbands. Since tornadoes were not explicitly resolved, tropical cyclone 
tornado surrogates (TCTS) were identified using threshold exceedances of the 99.95% value of 
maximum updraft helicity (UHmax). Supercell-like features with hook appendages and rotating 
updraft cores 4-6 km in depth were also identified on the 1-km grids, with comparable cells also 
shown on the 3-km grid.  
The successful simulation of a historical control case allows for the second objective to be 
pursued, which is to determine the changes in TCTS generation in the environments of a future 
climate. It is hypothesized that the increase in sea surface temperature due to anthropogenic 
climate change will intensify landfalling TCs and enhance the environment conducive for 
tornadic-supercell development resulting in more numerous tornadoes. This hypothesis is tested 
using the pseudo-global warming (PGW) methodology (Schär et al. 1996; Frei et al. 1998; 
Lackmann 2015; Trapp and Hoogewind 2017), as applied to Hurricane Ivan (2014). 
3.2. METHODS 
3.2.1. Model Configuration 
 
  Details of the historical control case, Hurricane Ivan (2004), are discussed in Carroll-
Smith et al. (2018) and also summarized in Chapters 1-2. Hurricane Ivan’s landfall and overland 
progression is simulated using the Advanced Research core of the Weather Research and 
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Forecasting model (WRF-ARW; Skamarock et al. 2008) over the interval 00 UTC 14 September 
to 00 UTC 19 September 2004. The spatial domain consists of an outer domain (D01) with 9-km 
grid spacing, and a nested inner domain (D02) with 3-km grid spacing; both domains are 
simulated over the entire five-day period (see Fig. 3.1). Initial and boundary conditions for the 
control simulation (CTRL) are from the 6-hourly National Center for Environmental Prediction 
Final (NCEP FNL) Operational Global Analysis, provided on a 1-degree by 1-degree grid, at the 
surface and at 26 mandatory levels from 1000 to 10 hPa (NCEP/NOAA NWS/Dept. of 
Commerce 2000).  
 
Figure 3.1. WRF model domain: outer domain (D01) with 9-km grid spacing centered about the 
contiguous United States (U.S.), and inner nest (D02) with 3-km grid spacing centered about the 
eastern region of the U.S.. 
 
The WRF model is configured for the CTRL and primary PGW simulations as follows. 
The Kain-Fritsch (Kain 2004) scheme is used to parameterize cumulus convection on D01 only. 
On all domains: the updated Rapid Radiative Transfer Model (RRTMG; Iacono et al. 2008) 
scheme parameterizes longwave and shortwave radiation; the Eta surface layer scheme and Noah 
land surface model (Chen and Dudhia 2001) are used for surface layer interactions and surface 
physics, respectively; the Mellor-Yamada-Janjic (MYJ; Janjic 1994) scheme parameterizes 
34 
 
planetary boundary layer (PBL) (hereinafter, PBL2) processes; and the Thompson scheme 
(Thompson et al. 2008) (hereinafter, MP8) is used to parameterize the cloud and precipitation 
physics. As suggested by Lackmann (2015) to improve the representation of intensity, 6-hrly sea 
surface temperature updates are used, as is the Garrett formulation of “isftclx.” This formulation 
provides more realistic values of heat and moisture by correcting surface bulk drag and enthalpy 
coefficients. To test the sensitivity of TCTS generation to changes in physical parameterizations, 
additional experiments are conducted using the WRF single moment 6-class microphysics 
scheme (WSM6; Hong and Lim 2006) (hereinafter, MP experiment with MP6) and the Yonsei 
University (YSU; Hong et al. 2006) PBL scheme (hereinafter, PBL experiment with PBL1) 
(Table 3.1).  
RUN CLIMATE MICROPHYSICS PBL SST DELTAS 
1 CTRL THOMPSON MYJ ---- 
2-4 PGW THOMPSON MYJ YES 
5 CTRL WSM6 MYJ ---- 
6-8  PGW WSM6 MYJ YES 
9 CNTRL THOMPSON YSU ---- 
10-12 PGW THOMPSON YSU YES 
13-15 PGW THOMPSON MYJ NO 
Table 3.1. Summary of WRF model experiments for the control (CTRL) and PGW simulations. 
3.2.2. Global Climate Models 
 
Output from three coupled atmosphere-ocean GCM simulations in CMIP5 are used in 
this study: Community Climate System Model version 4 (CCSM4), Model for Interdisciplinary 
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Research on Climate version 5 (MIROC5), and Geophysical Fluid Dynamics Laboratory Climate 
Model version 3 (CM3). These models were chosen due to the range in their representations of 
historical TC genesis in the North Atlantic Ocean. For example, Tory et al. (2013) found that the 
CCSM4 exhibited a low bias in TC genesis in the North Atlantic upon comparing historical 
simulations to observational data. In contrast, MIROC5 and CM3 were found to have a high and 
moderate genesis bias, respectively. Regarding TC genesis in the future climate, CCSM4 showed 
low TC activity, whereas MIROC5 and CM3 showed no significant changes in future TC activity 
in the North Atlantic for the period 2070-2100 (Tory et al 2013). Herein the CCSM4, CM3, and 
MIROC5 GCMs will be referenced as GFDL, NCAR and MIROC, respectively. 
3.2.3. Pseudo Global Warming Application 
 
Using these three GCMs, climate-change deltas were calculated from 10-year monthly means 
of the following (2D and 3D) thermodynamic variables: temperature, relative humidity, sea 
surface temperature (SST), and pressure, and the u and v components of the wind. The 10-year 
means for September are determined both for a historical period (1980-1990), and future period. 
(2080-2090). The future time-period assumes greenhouse gas emissions described by 
representative concentration pathway 8.5 (RCP 8.5), which represents the worst-case or 
“business as usual” scenario wherein radiative forcing will steadily rise to 8.5 W m-2. These 
deltas were then interpolated to the NCEP FNL horizontal grid and vertical levels, and then 
added to the initial and time-dependent boundary conditions from the NCEP FNL. As indicated 
in Table 1, one set of experiments is conducted in which the SST deltas are omitted.   
Examples of deltas in SST/skin temperature and the u-component of the 500 hPa wind are 
shown in Fig. 3.2. The GFDL had the largest change in skin surface temperature, with at least a 
7.5 K increase over 80% of the contiguous United States (CONUS). The MIROC5 and NCAR 
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GCMs exhibited similar behaviors, except with warming of about 5 K. All three GCMs show 
reduced zonal wind values in the lower half of CONUS (Fig. 3.2), indicative of reduced shear in 
future climates. The GFDL GCM shows the largest decrease in shear (~4 ms-1) in the eastern half 
of CONUS.  
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Figure 3.2. Climate-change deltas in (a-c) SST and skin temperature and (d-f) the u-component 
of the 500 hPa wind.  These contributed to the initial and boundary conditions for the PGW 
simulations. 
 
3.2.4. TCT surrogates 
 
As previously mentioned, tornadoes are not explicitly resolved on a 3-km horizontal grid, 
and thus their identification in the simulations requires diagnosis of a proxy, or surrogate. TCT 
surrogates (TCTS) are identified on the D02 (3-km) domain using a grid-point based exceedance 
algorithm defined by simulated radar reflectivity (SRF) and maximum updraft helicity (UHmax); 
UH is widely used in severe weather applications to identify supercells and associated hazards 
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(Kain et al. 2008) (see Carroll-Smith et al. 2018, and Chapter 2). A UHmax threshold of 82.66 
m2 s2 is used (which represents a 99.95 percentile value, as determined by Carroll-Smith et al. 
2018; see also Chapter 2), as is a SRF threshold of 30 dBZ.  
3.3. RESULTS 
 
Focusing first on the basic evolution and structure of the TCs in the primary simulations (1-
4), the TC in the CTRL simulation made landfall approximately 30.5◦ N, 88◦ W (near Dauphin 
Island) as a Category 2 hurricane. The TCs in the PGW simulation all tracked west of the CTRL, 
with the TC in the GFDL simulation tracking the farthest west (Fig. 3.3), and the MIROC TC 
tracking closest to the CTRL. The TC in the GFDL simulation had the highest intensity as a mid-
range Category 3 hurricane, followed by the TCs in the NCAR and MIROC simulations which 
were high-end Category 2 hurricanes. However, the MIROC TC was the most intense at the end 
of the simulation (see Fig. 3.3).  The length of the TC tracks in the GFDL and NCAR 
simulations were noticeably shorter than that of the CTRL, whereas the TC track in the MIROC 
simulation was much longer than that of the CTRL.  
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Figure 3.3. (a) CNTRL (solid green), MIROC (yellow), GFDL (red) and NCAR (blue) TC 
tracks and intensity (b) defined by minimum sea level pressure at 6 hrly time steps beginning 
at the 24th forecast hour. 
 
 
Not only were the PGW TCs more intense than the CTRL TC, but all three PGW TCs also 
produced more accumulated rainfall (average 1.39*107 mm) over a larger area than did the 
CTRL TC (Fig. 3.4). Note also that although the GFDL TC produced the smallest overall area of 
accumulated rainfall, its area of large accumulations (e.g. 3808 grid points with rainfall 
exceeding 381 mm) exceeded that of the other PGW TCs by more than 300% (Table 3.2). 
 
Experiment Accumulated 
rainfall (mm*107) 
# of grid points 
>381 mm 
CTRL 1.01 82 
NCAR 1.31 1084 
GFDL 1.50 3820 
MIROC 1.35 1237 
Table 3.2. Distribution of domain-integrated accumulated rainfall over the 120 hour simulation, 
and number of grid points exceeding 381 mm (15 in) of rain for the CTRL and PGW simulations 
a b 
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 A subjective comparison of the SRF across the simulations (Fig. 3.5) shows similarities in 
TC structure between the CTRL and PGW runs, however the GFDL TC is slightly less 
symmetrical. Indeed, compared to the other simulations, the GFDL TC has the largest stratiform 
rain region. Figure 3.5 also reveals different modes of convective cells within the rainbands, as 
described by Edwards et al. (2012). Discrete cells are found in the outer rainbands of the CTRL 
TC, discrete cells within a line are found in the NCAR TC, discrete cells in clusters and in linear 
convective systems are found in the GFDL TC, and finally, discrete cells within clusters are 
found in the MIROC TC. 
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Figure 3.4. Simulated accumulated rainfall (mm) for (a) CTRL, (b) NCAR, (c) GFDL, and 
(d) MIROC runs.  
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Figure 3.5. As in 3.4, except for simulated radar reflectivity at 2300 UTC 15 September 
2004, which is the time of the first TCTS in the CTRL. 
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 The track and intensity of the simulated TCs in the sensitivity experiments (5-15) are 
generally similar to those of the primary simulations (1-4), with exception of the PGW TCs when 
the SST deltas were omitted (Fig. 3.6). In each of these experiments, the TCs were significantly 
less intense than CTRL and primary PGW, and had more westward tracks, which is especially 
apparent in the GFDL track which moved well outside of the D02 model domain. The intensity 
of the GFDL TC was also sensitive to changes in the PBL scheme (PBL1), weakening at a much 
higher rate than the TCs in the other simulations. Again, subjectively comparing SRF amongst 
the PGW sensitivity experiments to the primary experiments (Fig. 3.7), the stratiform rain 
regions are noticeably smaller. This is especially true for the experiments with no SST deltas, 
which produced the smallest and most asymmetric TCs out of all the experiments. Another 
difference is the intensity of SRF in the microphysics experiments (MP6). This is likely due to 
the overprediction of ice species at warmer temperature in the mid troposphere (Lin et al. 2009). 
 
Figure 3.6. As in Fig. 3.3, except for the addition of the sensitivity experiments: primary runs 
(solid lines), MP6 (dotted lines), PBL1 (dashed dot lines), and finally changes in SSTs (dash dot 
dot lines).  
a b 
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Figure 3.7. SRF for primary (a-c), PBL1 (d-f), MP6 (g-i), No SST deltas (j-l) experiments valid 
at 0000 UTC 16 September 2004. 
 
3.3.1. TCTS 
 
Focusing first on the primary runs, Fig. 3.8 suggests that the MIROC simulation produces 
more TCTS than the other two PGW experiments and the CTRL. These observations are 
confirmed with a quantitative assessment of TCTS generation (Table 3.3). The MIROC, GFDL, 
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and NCAR TCs produced 1224, 547, and 441 TCTSs respectively, compared to the CTRL (928). 
Changes in TCTS generation could be partially attributed to the track length, where a longer 
track can provide more opportunities to produce TCTSs.  Consider MIROC for example, which 
consistently had longer track lengths, and generated the most TCTSs. This increase in TCTSs in 
MIROC could also be attributed to large updraft widths as evidenced by the spatial clusters of 
TCTSs in MIROC and GFDL (Fig. 3.8). See Appendix D for UH, TCTS, and PDC associated 
with these experiments.  
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Figure 3.8. TCTS (red dots) for (a-c) CTRL, (d-f) NCAR, (h-j) MIROC, and (k-m) GFDL for the 
Primary, PBL1, and MP6 experiments. TC tracks (black lines) are plotted for the primary 
experiments only.  
 
The TCTS generation in these experiments varied with the TC evolution: In general, the 
number of TCTS decreased with inland propagation (Fig. 3.9). The time series in Fig. 3.9 also 
revealed peak times for TCTS production for each model driver. For example, the GFDL 
produced more TCTS than the CTRL during the first 10 hours of the simulation. This contrasts 
with the GFDL producing fewer TCTS overall. MIROC produced more TCTS than the Control 
15-23 hours into the simulation, and NCAR had a brief peak above the Control 25-29 hours. 
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Interestingly, 71%, 88%, 51%, and 45% of the TCTS generated by the CTRL, GFDL, MIROC, 
and NCAR model simulations respectively, occurred during the landfalling period (18 UTC 15 
September to 18 UTC 16 September). 
 
Figure 3.9. Time series of TCTS production between 18 UTC 15 September and 18 UTC 18 
September. 
 
The generation of TCTS in the MP and PBL experiments is qualitatively and 
quantitatively similar across the PGW simulations, particularly in the case of MIROC, which still 
resulted in more TCTSs than the other PGW experiments and CTRL (Table 3.3, Fig. 3.8). The 
MP6 experiment with NCAR resulted in five times as many TCTSs than did the primary NCAR 
PGW run. This is possibly related to enhanced microphysical latent heating in this case, as 
suggested by the relatively larger concentration of high SRF (Fig. 3.7). The GFDL experiments 
produced the fewest TCTSs overall, due apparently to the TC dissipating a much quicker rate 
and possibly lacking the necessary environmental ingredients to support tornadogenesis. The 
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CTRL itself showed little sensitivity to changes in physical parameterization except for the PBL 
experiments, which resulting in a 54% increase in TCTS generation. Overall these tests revealed 
that the TCTSs were more sensitive to the PGW than to changes in physical parameterization. 
These observation gives confidence in the robustness of the TCTS results, and therefore the 
remaining analysis will focus on the primary model runs and SST experiments. 
From the previous section, track and intensity were highly sensitive to the omission of 
SST deltas in the PGW simulations, so it was expected that TCTS production would also show 
some sensitivity. Indeed, the GFDL experiment failed to produce any TCTS (even though some 
weak rotating updraft cores were present) (Table 3.3). The TCs in the MIROC and NCAR 
simulations also showed about a 90% decrease in TCTS production as compared to the CTRL. 
These results are not surprising given the TCs were smaller in size, and weaker at landfall. 
VARIABLE  PRIMARY NO SST DELTA 
UHMAX CTRL 356.05 356.05 
 GFDL 468.33 50.85 
 NCAR 453.14 163.17 
 MIROC 342.61 125.86 
WMAX CTRL 32.45 32.45 
 GFDL 37.02 35.39 
 NCAR 39.25 29.11 
 MIROC 38.71 30.42 
Ζ MAX CTRL 0.032 0.032 
 GFDL 0.026 0.008 
 NCAR 0.042 0.011 
 MIROC 0.021 0.001 
TCTS Control 928 928 
 GFDL 547 0 
 NCAR 441 123 
 MIROC 1224 20 
Table 3.3. Maximum values for UHmax, wmax, ζmax, and total TCTS from sensitivity tests, 
with peak values in bold.  
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Figure 3.10 shows an assessment of peak values of UH, vertical velocity (w), and vertical 
vorticity (ζ) over the 0-3 km layer. In the primary experiments, all three had stronger peak 
updrafts than CTRL, however only NCAR had stronger 0-3 km vertical vorticity. NCAR and 
GFDL had stronger UH peaks than CTRL, implying stronger rotating updrafts. Despite these 
stronger rotating updrafts, primary GFDL and NCAR simulations produced fewer TCTS and had 
shorter tracks than the MIROC model runs. These observations support the hypothesis the 
number of TCTS are correlated in part to track length. 
The PGW experiments with no SST deltas help address the primary hypothesis of this 
chapter, namely that an SST increase will effectively result in more numerous TCTSs. As shown 
in Table 3.3, all of the no-SST delta runs generated fewer TCTSs than the CTRL, and only the 
GFDL had a peak updraft exceeding the CTRL. This is attributed to the relative weakness of the 
TCs in the no-SST delta runs. See Appendix D for raw data for peak values associated with these 
experiments.  
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Figure 3.10. Fraction of percent change relative to the CTRL for peak UH, w, and ζ values for 
primary runs and sensitivity experiments. 
 
Although the strict definition of a tornado report is that it be over land, an additional 
analysis is conducted during a pre-landfalling period (PL; 06 UTC 15 September to 06 UTC 16 
September 2004). This corresponds to a 24-hour period prior to Ivan making landfall and is a 
period over which all three PGW simulations had a more intense TC than CTRL (see Fig. 3.3). 
Results of this analysis show that all three PGW simulations also produced more TCTS than did 
the CTRL during this period: MIROC (3009), GFDL (2757), and NCAR (2283), compared to the 
CNTRL (1314) (see also (Fig. 3.11).  
This result is interpreted, in the very least, as partial confirmation of the hypothesis that 
increasing SSTs due to climate change leads to a more intense TCs which thereby generate more 
TCTs. The next section will investigate the convective environments to better understand what 
factors led to more (or less) TCTS in the future climates, particularly at landfall. 
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Figure 3.11. As in Fig. 3.8, except for the CTRL and Primary experiments during the pre-landfall 
period. 
3.3.2. Changes in Environment 
 
To understand the environments that supported changes in TCTS generation during the 
landfall period, the convective available potential energy (CAPE), convective inhibition (CIN), 
0-1 km bulk wind shear (01BS), and 0-3 km storm relative environmental helicity (03SRH) are 
analyzed at 1900 UTC 15 September and then averaged over a small region in southern Alabama 
and Florida Panhandle (Fig. 3.12). This time was chosen to quantify the environmental variables 
without the direct influence of the TC. Given that the TCTSs depend on the location of the parent 
TC track, and that the PGW TCs all had westward-displaced tracks relative to that of the CTRL 
TC, the region chosen was the best fit to compare favorable environments for all simulations. 
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Figure 3.12. Region where CAPE, CIN, 01BS, and 03SRH are averaged to assess favorable 
TCTS environment. Red contours represent TCTS for the CTRL simulation. 
 
Results in Table 3.4 show that the PGW environments had larger values of domain-averaged 
03SRH, CAPE and CIN than in CTRL. MIROC had the largest domain-averaged 03SRH and 
01BS values, which would appear to be consistent with the large number of TCTSs in that 
simulation. GFDL had the largest domain-averaged CAPE, which agrees with the fact that it also 
produced the most intense rotating updraft during this period. Finally, NCAR had the largest 
domain-averaged CIN, which likely contributed to its fewer TCTSs because of fewer initiated 
updrafts.  
19 UTC 15 Sept 03SRH 01BS CAPE CIN 
Control 14.58 24.74 906.39 7.44 
GFDL 15.33 24.96 2794.30 8.51 
MIROC 16.99 25.58 2141.89 9.69 
NCAR 16.10 19.87 2072.19 12.82 
Table 3.4. Average 03SRH, 01BS, CAPE, and CIN values over the region specified in Fig. 9. 
Maximum values for each variable is in bold. 
 
The synoptic-scale flow that contributed to these environmental conditions and, perhaps 
more importantly, to the TC evolution, is shown in Fig. 3.13. From the 500 hPa geopotential 
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heights at 0000 UTC 19 September 2004 one can infer that the simulated TC in each case was 
steered west and then northeast post landfall (Fig. 3.13). An upper level ridge building west out 
of the Atlantic appeared to impact both the equatorward extent of a migratory short-wave trough 
and the poleward extent of the simulated TC tracks (Fig. 3.13). This ridge was strongest and 
deepest in the GFDL simulation, and likely had the effect of cutting the TC off from the upper 
level trough, and thus limiting its poleward extent to northern Mississippi. As noted earlier in 
this section, the TCTS production was related to the TC track length.  
 
 
 
a CNTRL b NCAR 
c GFDL d MIROC 
 
Figure 3.13. 500 hPa height (dm) and absolute vertical vorticity (10-5 s-1) for (a) CTRL, (b) 
NCAR (c) GFDL (d) MIROC at 0000 UTC 19 September 2004. 
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3.3.3. PGW Genesis  
 
 In this final section, the question regarding whether the TCs would have even formed in a 
PGW environment is explored. This follows in part from Lackmann (2015), who raised this same 
question about his PGW simulations of Hurricane Sandy (2012), which were initiated mid-life of 
Sandy.  
To address this for the present study, the PGW methodology is applied to a period during 
the genesis stage of Hurricane Ivan. The model domain (Fig. 3.14) is positioned over the Atlantic 
just off the coast of Africa and initialized 40 hours prior to Hurricane Ivan’s observed genesis at 
0000 UTC 01 September 2004. The model is run for 4 days and 18 hrs, ending at the time Ivan 
reached major hurricane status (1800 UTC 05 September 2004).  
Each PGW simulation yielded TC formation, as evidenced by the closed isobars, and 
maximum wind speed > 20 kts (Fig. 3.15). Each is documented at 00 UTC 05 September 2004 
which ideally captured all three TCs with at least tropical storm intensity. While none of the TCs 
reached major hurricane status during this simulation period, the MIROC TC reached Category 1 
intensity, with mean sea level pressure (MSLP) of 969 hPa. The TCs from the NCAR and GFDL 
simulations only reach tropical storm intensity with MSLP of 976 and 992 hPa respectively 
(Table 3.5). It is also noted that the GFDL tracked farther north and reached peak intensity nearly 
two days sooner than the other PGW TCs. This difference is possibly explained by the relatively 
earlier start of the TC genesis in the GFDL simulations.  
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Figure 3.14. 9km resolution domain for Ivan genesis simulation, centered off the coasts of South 
America and Africa in the North Atlantic Ocean. 
 
Experiment MSLP(hPa) Wind Max Classification Time 
NCAR 976 60 TS 1800 UTC 05 Sept. 
GFDL 992 55 TS 1200 UTC 03 Sept. 
MIROC 969 80 Cat 1 0600 UTC 05 Sept. 
Table 3.5. Peak values of central pressure (hPa) and surface wind speed (kts) of TC genesis 
model runs. 
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Figure 3.15. MSLP (hPa; blue contour lines at 2 hPa increments) and SST filled contours (°F) (a-
c), and near-surface wind speed (kts) (d-f) for NCAR (a,d), GFDL (b,e), and MIROC (c,f) for TC 
genesis simulations at 00 UTC 05 September 2004. Wind barbs are in kts. 
 
3.4.  SUMMARY AND CONCLUSIONS 
 
This chapter documented possible changes in TCT generation within Hurricane Ivan 
(2004) in a future climate. This was done by comparing a control simulation (CTRL) conducted 
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with the WRF model to simulations using a “pseudo-global” warming (PGW) approach. The 
PGW simulations involved future climate conditions over the late (2080-2090) 21st century 
period under RCP 8.5, as extracted from three CMIP5 GCMs (NCAR, MIROC, and GFDL). 
Changes in TC intensity and TCT production for the PGW-modified Ivan were documented and 
analyzed. 
Compared to the CTRL, all three PGW simulations showed an increase in TC intensity, 
as well as westward shifting tracks. All three PGW simulations also resulted in more 
accumulated rainfall over the course of Ivan’s progression overland. The effect of PGW on TCT 
generation was not as straightforward. Although the convective environment (as quantified by 
CAPE, BS, and SREH) was enhanced in the PGW simulations, particularly at landfall, only the 
MIROC TCs produced more TCTSs than the CTRL overall. However, during the pre-landfall 
period, all three PGW TCs produced more TCTSs than did the CTRL. This is viewed as partial 
confirmation of the primary hypothesis, as are results from sensitivity tests omitting SST deltas, 
which led to weaker TCs under PGW, and consequentially resulted in fewer TCTSs.  
It was noted that the length of the track also had some correlation to the number of 
TCTSs generated in the PGW experiments compared to the CTRL. The MIROC had the longest 
track and thus produced the most TCTSs, compared to the GFDL and NCAR PGW TCs, which 
had a shorter track and fewer TCTSs than the CTRL. Analysis of the 500 hPa geopotential height 
showed that a westward moving upper level ridge limited the equatorward extent of the 
shortwave trough and the poleward extent of the simulated TC tracks. This ridge was especially 
pronounced in the GFDL simulations.  
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Overall, these results suggest that TCs like Ivan (2004) in future climates could be 
potentially more intense, which could result in more intense (such as seen in NCAR and GFDL), 
or more numerous TCTs (i.e. MIROC). 
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CHAPTER 4: ASSESSING THE SOCIETAL IMPACTS OF TROPICAL 
CYCLONE TORNADOES IN FUTURE ENVIRONMENTS 
 
 
4.1. INTRODUCTION 
 
From Chapter 3, it was hypothesized that warmer sea surface temperatures caused by 
anthropogenic climate change will result in a more intense TC at landfall, consequentially 
producing more TCTs. This hypothesis was tested using a pseudo-global warming (PGW) 
downscaling approach (e.g. Schär et al. 1996; Frei et al. 1998; Lackmann 2015; Trapp and 
Hoogewind 2016), specifically applied to Hurricane Ivan (2004). TCT surrogates (TCTS) were 
identified with an algorithm using convective-storm-scale diagnostics. A historical control 
simulation for Ivan (CTRL) was compared to PGW experiments using three different CMIP5 
GCMs under RCP8.5 (GFDL, MIROC, and NCAR) to analyze changes in Ivan’s TCTS 
generation under pseudo-global warming. More overall TCTSs were found in the PGW runs than 
in the CTRL, with peak TCTS generation for each PGW simulation occurring at different stages 
of the TC’s inland life cycle. For this study, it is hypothesized that the increase in TCTS in future 
climates will increase the disaster risk for communities in the path of the TC. Ultimately this 
research seeks to understand how disaster risk might change under different hazard scenarios of a 
historical TCT-producing event modified by climate change, and simultaneously under projected 
changes in the exposed population.  
4.2 METHODS 
 
 To address the stated hypothesis, a county-level event-based risk (eRISK) assessment was 
conducted. An adaptation of the inland hazard hurricane disaster risk index (IHHDRI) developed 
by Carroll-Smith (2014) is used to assess eRISK which is expressed as follows: 
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   eRISK = EXPO × SocVul × HAZ  (4.1) 
In (4.1): EXPO is the exposed population, which is based strictly on the total population from the 
2010 census; SocVul is the social vulnerability of the exposed population, using a combination 
of demographic (based on 2010 Census), emergency preparedness statistics, and the building 
code grade scale (see Appendix E); and HAZ is the county-level sums of TCTSs from each of the 
CTRL and PGW simulations of Ivan (Chapters 3 and 4). Note that because this is an event-based 
risk analysis, the TCTS values from the simulations of Ivan are used in lieu of the 
climatologically observed TCT hazard described in IHHDRI. Note also that each component (x) 
of the index is scaled to a value between 0 and 1 using: 
 
  (4.2) 
 
where xmin and xmax are the domain-wide minimum and maximum values of each component. 
This allows each component to contribute equally to the risk index, and also forces the risk to be 
zero if any of the components are zero.    
EXPO and SocVul are inherently county-level data (see Fig. 4.1). The county-level sums 
of TCTSs that comprise HAZ are from WRF-grid data that are then interpolated via ArcGIS to 
the county grid, using a spatial join based on the centroid of the county shapefile. As a result, not 
all TCTSs are included in this study if they fell outside of the county shapefile boundaries (e.g. 
TCTSs collocated with islands along the coast); however, this eliminated at most only 1% of the 
TCTSs. 
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Figure 4.1. Social vulnerability index (SocVul) scaled from 0 to 1, with 1 representing high 
social vulnerability 
 
 
In addition to understanding how changes in the hazard will impact risk in future 
climates, it is also of interest to understand how the likely changes in population contribute to the 
future risk. To do this, projected population data for 2090 are extracted from the Inter-Sectoral 
Impact Model Intercomparison Project (ISIMIP; Warszawski et al. 2014) Fast Track, at 0.5 
degree resolution. The projections are from the shared socio-economic pathway 2 (SSP2), 
assuming middle of the road outcomes for demographics (see Jones and O’Neill 2016). These 
data are prepared in ArcGIS using the function Zonal Statistics to isolate the data within the 
boundaries of the county shapefile, and then interpolated to a high resolution 0.098 degree grid 
using Natural Neighbor, i.e., a “nearest neighbor” approach. The resulting data grid is then 
joined to the county shapefile so that it can be incorporated into the eRISK analysis. Figure 4.2 
shows the difference between the 2010 and 2090 populations, with noticeable population 
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increases in the northeastern states, and more generally in counties with populations of at least 10 
million people.  
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Figure 4.2. Geographic distribution of total populations for the (a) 2010 (based on census data) 
and (b) 2090 (based on projections from the ISIMIP) time periods and (c) difference in total 
population between future and historical projections. 
a 
b 
c 
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4.3 RESULTS 
 
 The values of eRISK based on PGW-driven HAZ, but assuming 2010-level EXPO, are 
first described. The domain-averaged values of eRISK (eRISK10avg) indicate that the PGW 
modifications result in a higher risk from TCTs than the CTRL (Table 4.1). This is due to one or 
more of the risk components being larger under PGW. For example, each of the PGW TCs 
impacted areas with more exposed populations than did the CTRL TC (EXPO10avg). On 
average there were more TCTS per county in the MIROC (12) and GFDL (16) simulations than 
in the CTRL (11), whereas TCs in GFDL and NCAR impacted more socially vulnerable counties 
(0.3840 and 0.3821 respectively) than did the CTRL (0.3580). Overall, GFDL had the highest 
eRISK10avg, due to the fact that its PGW-modified TC tracked through a region with a more 
vulnerable population along the coast and also because it produced more TCTSs (16), especially 
during the landfalling period (see Fig. 4.3). Finally, MIROC had the lowest eRISK10avg of the 
three PGW simulations: Even though the TC from this simulation had the second highest number 
of TCTSs (Table 4.1) and the longest track (therefore affecting more counties and contributing to 
a higher average exposure; EXPO10avg in Table 4.1), the TC ultimately tracked through 
populations with lower vulnerability and also was associated with fewer TCTSs as it moved 
inland (Fig. 4.1; see also Chapter 3). Indeed, this case illustrates the complexity in assessing the 
event-based risk.  
 HAZavg EXPO10avg EXPO90avg SocVulavg eRISK10avg eRISK90avg 
CTRL 11 53484 200653 0.3580 0.0023 0.0025 
GFDL 16 67856 104080 0.3840 0.0102 0.0114 
NCAR 6 59652 151696 0.3821 0.0068 0.0180 
MIROC 12 98039 252152 0.3493 0.0053 0.0030 
 
Table 4.1. Average values of event-based risk, for the 2010 (eRISK10avg) and 2090(eRISK90) 
population projections (Expo10avg, Expo90avg), and associated variables.  
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Figure 4.3. Geographic distribution of county-level eRISK for (a) CTRL, (b) NCAR, (c) GFDL, 
and (d) NCAR simulations for exposure defined by 2010 population, and (e-h respectively) for 
the 2090 population. Counties shown have one or more TCTSs generated by the CTRL and PGW 
simulations. All values are scaled to a value between 0 and 1, with 1 corresponding to high risk, 
and 0 corresponding to no risk.  
 
 
Now taking into account the changes in exposure by using 2090 population projections 
(EXPO90avg), Table 4.1 shows that average eRISK (eRISK90avg) is further increased in all 
cases except MIROC, which is slightly less than eRISK10avg, but still higher than the CTRL. 
This decrease in risk with MIROC can be attributed to the reduced population in southern 
Alabama, (Fig. 4.2c). Notably, the eRISK90avg in the NCAR case doubled with the change in 
exposure. The is likely due to the specific increase in exposure in southwestern Georgia (Fig. 
4.2c). Overall, Fig. 4.2c shows that most of the southern U.S. counties had an increase in eRISK 
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as a result of changes in population, particularly in northern Alabama and central and southern 
Georgia.  
A slightly different way to quantify the differences between PGW and CTRL is in terms 
of the total number of counties with non-zero risk. Under PGW GFDL, MIROC, and NCAR, 
there were 34, 98, and 68 counties with non-zero risk, respectively, as compared to the 84 
counties with non-zero risk in CTRL. Although more counties were impacted in the CTRL, the 
counties impacted under PGW were more vulnerable, and therefore had a higher disaster risk. 
Individual counties are also at risk longer under PGW. This is based on more TCTSs being 
produced over a longer period under PGW (~66 hrs) than in the CTRL (48 hrs). 
4.4. DISCUSSION AND CONCLUSIONS 
 
 This chapter analyzed the event-based disaster risk for four TCTS scenarios. Ultimately 
this study shows that Hurricane Ivan (2004) in a future climate resulted in a greater disaster risk 
as it relates to the TCT hazard. This is due in part to the projected increase in TCT hazard, and in 
part due to the hazards occurring in regions with vulnerable populations. It was also shown that 
longer tracked TCs do not necessarily equate to a higher TCT specific disaster risk, even if the 
TC produces a large total of TCTSs.  
Although this study represents a step towards understanding dynamic risk and the 
interconnectivity of the hazards and vulnerability, additional work is needed. Datasets with more 
detailed demographic information projected to a future period will be needed to fully understand 
changes in risk in future climates. It is for this reason why one must be careful not to assume that 
changes in the exposed population automatically raises risk. For instance, shifts in exposed 
population will also shift the social vulnerability, due to changing demographics. Various 
methods to project demographic data have been considered. For example, one could project the 
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future demographics by a percent change calculated by the future population. This would 
essentially assume a population change based on birthrate, and not migration, which means more 
(less) vulnerable communities will become more (less) vulnerable. This assumption would leave 
out other viable ways that populations are increased (or decreased) such as through 
gentrification, or through migration, which is very likely for residents living below sea level. 
Gentrification would reduce vulnerability in poor neighborhoods due to improved education as a 
result of increased financial capita, but would also increase vulnerability in other locations, 
because poor residents would migrate out of their gentrified neighborhood.  
In addition to future demographic projections, future work will incorporate the inland 
flood hazard through assessment of heavy rain occurrences (e.g., hourly precipitation exceeding 
two inches).  Results from Chapter 3 showed a substantial increase in TC rainfall under PGW. 
This could lead to even larger risk within counties that are already threatened by TCTSs, have 
been known to flood, or receive torrential rain in a short period.  
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CHAPTER 5: SUMMARY AND FUTURE WORK 
5.1. SUMMARY 
 
This dissertation investigated the impacts of anthropogenic climate change on the 
frequency of tornadoes spawned by tropical cyclones making landfall in the U.S. Atlantic Basin. 
Hurricane Ivan (2004), served as the case study for this research. This study also addressed the 
societal impacts of simulated changes in TCT generation, by quantifying an event-specific 
disaster risk. Three main objectives were the focus of Chapters 2-4 and results are summarized 
below. 
The first objective was addressed in Chapter 1, verifying the ability of the Weather 
Research and Forecasting (WRF) Model to accurately simulate tropical cyclone tornado 
generating storms and TCT surrogates. The WRF model produced satisfactory results in 
simulated track and intensity post landfall. Simulated radar reflectivity revealed a shape and 
structure matching well with the observations. TCT surrogates (TCTS) were identified using an 
algorithm based on a resolution dependent threshold of maximum updraft helicity (UHmax) and 
simulated radar reflectivity (SRF) greater than 30 DBZ. Three cells with hook appendages, 
resembling classic supercells were identified at three different stages during the TC inland 
evolution using the exceedance algorithm. This chapter primarily highlighted the use of UHmax 
in a CAM such as WRF as a potentially useful tool in forecasting TCT generation. Particularly, 
results from the 3-km grid show promise for CAM applications in operational settings.  
Objective 2, assessing changes in TCT generation in future environments is explored in 
Chapter 2. A “pseudo-global” warming (PGW) approach allowed for an assessment of the long-
term impacts of changes in greenhouse gas concentrations and associated radiative forcing. The 
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PGW simulations consisted of future climate conditions over the late (2080-2090) century period 
under RCP 8.5, three CMIP5 GCMs (MIROC, NCAR, and GFDL). The MIROC simulations 
produced more TCTSs overall than the CTRL. However, breaking down TCTS production by 
period resulted in both MIROC and GFDL simulations producing more TCTSs than the CTRL. 
This was due to more favorable TC environmental ingredients such as SRH and CAPE as 
compared to the CTRL. An assessment of pre-landfall TCTSs showed that all three PGW TCs 
were more intense, and produced more TCTSs, than did the CTRL. In addition, the PGW 
simulations were most sensitive to changes in sea surface temperature, as was revealed when 
excluding SST deltas during the PGW methodology. The TCs forming from these sensitivity 
studies were less intense, small, and had a significant reduction in TCTS production compared to 
the other simulations. 
Finally, Chapter 3, addresses the third objective: understand the disaster risk, 
particularly, assess county level impacts from changes in TCTs in the historical and future 
climate. An event-based disaster risk for four TCTS scenarios is developed and assessed. This 
study shows TCT production in future climate results in a greater TCT relative disaster risk. The 
resulting increase in risk is primarily due to increases in the TCT hazard collocated with socially 
vulnerable populations. Ultimately, the length of time of the hazard impact, and the proximity of 
the hazard to vulnerable populations, had the largest influence on changes in disaster risk.  
This research provides useful insight to an area of research that has received little 
attention. This research also further highlights the need for proactive measures in evacuation 
planning, shining light on TC hazards impacting inland communities 
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5.2. FUTURE WORK 
 
Future work should further explore the use of CAMs to link storm scale metrics such as 
updraft helicity (and its components, vertical velocity and vertical vorticity) to tornadic activity 
within TC environments. The utility of rotation tracks to verify TC-spawned tornadoes for TCs 
during more recent hurricane seasons should also be explored. Results can then be applied again 
to PGW simulations of TCs in efforts to advance the current knowledge of TCTs in future 
climates. Simulating more case studies will allow for more generalizable results.  
Datasets with detailed demographic information projected to a future period will be 
needed to fully understand changes in risk in future climates. Until such a dataset is explicitly 
made available, various methods to project historical data to a future time-period should be 
explored. In addition to future demographic projections, future work should incorporate the 
inland flood hazard through assessment of heavy rain occurrences (e.g., hourly precipitation 
exceeding two inches).  Substantial increase in TC rainfall under PGW was shown in Chapter 3. 
It is expected that this would lead to larger risk within counties already threatened by TCTs or 
prone to flooding. 
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APPENDIX A: INITIAL SENSITIVITY TESTS FOR THE CONTROL 
 
Model Setup 
At the outset of this research, initial experiments with the Weather Research and 
Forecasting (WRF) model (Skamarock et al. 2008) version 6.3.1 were used to find the ideal 
model setup for the control (CTRL) simulation of Hurricane Ivan (2004) described in Chapter 2. 
The model configuration for these initial experiments was the same as that ultimately used for 
the CTRL, except with horizontal grid spacings of 12 and 4 km for the outer and inner nest 
respectively (Fig. A.1.).  
 
 
Figure A.1. Example of nested WRF domain for model simulations. The particular location of 
the inner nest is unique to Hurricane Ivan (2004). 
 
Table A.1 shows 11 experiments based on settings recommended by several TC studies 
(e.g. Gentry and Lackmann 2010; Dee et al. 2011; Sun and Barros 2012; Sun and Barros 2014; 
Lackmann 2015). The ideal configuration should result in a simulated TC track and intensity that 
agree reasonably well with observations and resolve the general structure of TC rainbands. Most 
importantly, these simulations must provide a good representation of the occurrence of tropical 
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cyclone tornadoes (TCTs) and their parent convective storms.  A threshold exceedance of 
maximum updraft helicity was used to assess the TCTs. Specifically, tropical cyclone tornado 
surrogates (TCTS) diagnosed from this exceedance methodology, and observed TCTs, were 
interpolated to a grid using an objective analysis iterative correction. The root mean squared 
error (RMSE) was calculated to determine the model performance in the TCTS occurrence, and 
in TC track and intensity. Experiment (EXP) VIII produced the most favorable results and is used 
as the configuration for the CTRL herein. 
 
Table A.1. Model configuration for Ivan CTRL experiments. 
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APPENDIX B: TRACK POINT ANALYSIS 
 
To quantitatively compare tropical cyclone tornado surrogates (TCTSs) to observed tropical 
cyclone tornadoes (TCTs), grid points were assigned to observed TCT tracks using a distance-
based selection method in ArcGIS version 10.5.1 (See Fig. B.1). Specifically, all grid points in 
the 3-km domain that were within 3 km of an observed TCT tracks were counted as TCT track 
points. 
 
Figure 6. Example of grid point assignment for observed TCT tracks. (a) 3 km grid 
superimposed on to the TCT tracks along Florida panhandle. (b) Points within 3 km distance of 
and assigned to the observed tracks. 
a b 
 
Figure B.1. Example of grid point assignment for observed TCT tracks. (a) 3 km grid 
superimposed on to the TCT tracks along Florida panhandle. (b) Points within 3 km distance of 
and assigned to the observed tracks. 
86 
 
APPENDIX C: CONTROL STATISTICS FOR MAXIMUM UPDRAFT 
HELICITY (UHMAX), TROPICAL CYCLONE TORNADOES 
SURROGATES (TCTS), AND PERCENTAGE OF DOMAIN COVERED 
(PDC) 
 
In this appendix, values of UH, TCTS, and PDC are given in Tables C.1, C.2, and C.3 
respectively. 
Table C.1. Threshold values of maximum updraft helicity for the 3-km and 1-km domains broken 
down by period: landfall (LF) period (18 UTC 15 September 2004 to 18 UTC 16 September 
2004); mid-landfall (ML) period (18 UTC 16 September 2004 to 18 UTC 17 September 2004); 
and the extratropical transition (ET) (18 UTC 17 September 2004 to 18 UTC 18 September 
2004). 3 km and 1 km _COMP represent composite values.  
 Period 99.50% 99.90% 99.95% 99.99% Max 
3 km LF 61.24 128.55 163.30 240.56 356.05 
 ML 35.19 70.56 83.40 119.80 211.94 
 ET 44.45 70.66 79.94 102.34 198.32 
 3 km_COMP LF,ML,ET 32.01 65.71 82.66 146.75 356.05 
       
1 km LF 265.39 603.35 785.34 1248.19 2129.07 
 ML 133.67 311.70 416.77 828.26 2126.08 
 ET 114.92 250.07 320.41 483.44 1110.96 
1 km_COMP LF,ML,ET 158.34 377.66 512.42 933.20 2129.07 
 
Table C.2 As in C.1 except TCTS   
 Period 99.50% 99.90% 99.95% 99.99% 
3 km LF 1121 243 118 32 
 ML 1466 369 191 40 
 ET 1743 329 145 15 
3 km_COMP LF,ML,ET 8414 1875 928 190 
      
1 km LF 11334 2635 1381 297 
 ML 15380 3116 1547 262 
 ET 16775 3640 1849 437 
      
1 km_COMP LF 22079 6632 3793 841 
 ML 11740 1992 939 202 
 ET 9891 1053 352 16 
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Table C.3. As in C.1 except PDC   
 Period 99.50% 99.90% 99.95% 99.99% 
3 km LF 0.270 0.058 0.028 0.008 
 ML 0.353 0.089 0.046 0.010 
 ET 0.419 0.079 0.035 0.004 
3 km_COMP LF,ML,ET 2.03 0.451 0.223 0.045 
      
1 km LF 2.47 0.575 0.301 0.065 
 ML 2.59 0.525 0.260 0.044 
 ET 3.34 0.724 0.368 0.087 
      
1 km_COMP LF 4.81 1.45 0.827 0.183 
 ML 1.98 0.335 0.158 0.034 
 ET 1.96 0.209 0.070 0.003 
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APPENDIX D: PGW STATISTICS FOR STORM SCALE VARIABLES, 
TROPICAL CYCLONE TORNADOES, AND PERCENTAGE OF DOMAIN 
COVERED 
 
In this appendix, values of UH, TCTS, and PDC for the PGW simulations are given in 
Tables D.1, D.2, D.3 respectively. Peak values UH, vertical velocity (w) and vertical vorticity (ζ) 
are found in Table D.4 and broken down by period: landfall (LF; D.5) period (18 UTC 15 
September 2004 to 18 UTC 16 September 2004); mid-landfall (ML; D.6) period (18 UTC 16 
September 2004 to 18 UTC 17 September 2004); and the extratropical transition (ET; D.7) (18 
UTC 17 September 2004 to 18 UTC 18 September 2004). 
UHMAX 
Table D.1. Percentile threshold values of maximum updraft helicity for the pseudo-global 
warming (PGW) simulations on the 3-km domain. 
EXP 99.50% 99.90% 99.95% 99.99% Max 
Control 32.01 65.71 82.66 146.75 356.05 
GFDL 19.69 45.72 61.03 116.49 471.33 
NCAR 27.79 53.86 66.60 102.93 455.28 
MIROC 32.64 69.93 91.28 148.24 342.61 
 
TCTS  
Table D.2. Tropical cyclone tornado surrogates (TCTS) based on the percentile values from the 
CTRL only.  
EXP Simulation 99.50% 99.90% 99.95% 99.99% 
pbl2_cp8 Control 8414 1875 928 190 
 GFDL 3877 878 547 97 
 NCAR 6828 968 441 42 
 MIROC 8570 2114 1224 229 
      
pbl2_cp6 Control 9288 1743 889 128 
 GFDL 3707 880 553 125 
 NCAR 13979 3858 2238 384 
 MIROC 16780 7158 4945 1209 
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EXP Simulation 99.50% 99.90% 99.95% 99.99% 
pbl1_cp8 Control 13360 3068 1432 139 
 GFDL 2272 368 173 19 
 NCAR 14126 3572 1889 255 
 MIROC 17799 4816 2607 333 
      
pbl2_cp8_nts Control 8414 1875 928 190 
 GFDL 0 0 0 0 
 NCAR 1272 219 123 3 
 MIROC 764 77 20 0 
Table D.2. Cont’d. 
PDC 
Table D.3. As in D.1 except percentage of domain covered (PDC) 
EXP Simulation 99.50% 99.90% 99.95% 99.99% 
pbl2_mp8 Control 2.025 0.451 0.223 0.046 
 GFDL 0.933 0.211 0.132 0.023 
 NCAR 1.643 0.233 0.106 0.010 
 MIROC 2.062 0.509 0.295 0.055 
      
pbl2_mp6 Control 2.235 0.419 0.214 0.031 
 GFDL 0.892 0.212 0.133 0.030 
 NCAR 3.364 0.928 0.539 0.092 
 MIROC 4.038 1.723 1.190 0.291 
      
pbl1_mp8 Control 3.215 0.738 0.345 0.033 
 GFDL 0.547 0.089 0.042 0.005 
 NCAR 3.400 0.860 0.455 0.061 
 MIROC 4.283 1.159 0.627 0.080 
      
pbl2_mp8_nts Control 2.025 0.451 0.223 0.046 
 GFDL 0.000 0.000 0.000 0.000 
 NCAR 0.306 0.053 0.030 0.001 
 MIROC 0.184 0.019 0.005 0.000 
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PEAK VALUES UH, VERTICAL VELOCITY (W) AND VERTICAL VORTICITY (Ζ) 
Table D.4. Peak values of UH, w, and ζ for the entire inland life cycle (18 UTC 15 September 
2004 to 18 UTC 18 September 2004). 
Variable Simulation pbl2_mp8 pbl2_mp6 pbl1_mp8 
UH Control 356.05 374.56 361.58 
 GFDL 468.33 290.41 184.68 
 NCAR 453.14 306.18 366.45 
 MIROC 342.61 559.15 319.45 
     
w Control 32.45 33.75 32.75 
 GFDL 37.02 26.8 29.86 
 NCAR 39.25 33.58 33.59 
 MIROC 38.71 40.33 32.47 
     
ζ Control 0.032 0.015 0.015 
 GFDL 0.026 0.016 0.014 
 NCAR 0.042 0.022 0.016 
 MIROC 0.021 0.018 0.016 
 
Table D.5. As in D.4 except at LF. 
Variable Simulation pbl2_mp8 pbl2_mp6 pbl1_mp8 
UH Control 356.05 374.56 361.58 
 GFDL 468.33 277.97 184.68 
 NCAR 453.14 306.18 366.45 
 MIROC 342.61 559.15 319.45 
     
w Control 32.45 33.75 32.75 
 GFDL 37.02 26.5 29.86 
 NCAR 39.25 33.58 33.59 
 MIROC 38.71 40.33 32.47 
     
ζ Control 0.032 0.015 0.015 
 GFDL 0.026 0.016 0.012 
 NCAR 0.042 0.017 0.014 
 MIROC 0.021 0.018 0.016 
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Table D.6. As in D.4 except at ML. 
Variable Simulation pbl2_mp8 pbl2_mp6 pbl1_mp8 
UH Control 211.94 153.26 169.29 
 GFDL 132.18 290.41 153.09 
 NCAR 181.39 211.5 211.68 
 MIROC 216.18 320.11 244.82 
     
w Control 29.49 28 22.31 
 GFDL 23.97 26.8 24.82 
 NCAR 26.08 30.72 27.54 
 MIROC 28.33 30.28 26.07 
     
ζ Control 0.016 0.014 0.013 
 GFDL 0.012 0.016 0.012 
 NCAR 0.013 0.014 0.016 
 MIROC 0.015 0.014 0.015 
 
Table D.7. As in D.4 except at ET 
Variable Simulation pbl2_mp8 pbl2_mp6 pbl1_mp8 
UH Control 116.95 141.17 154.15 
 GFDL 119.14 92.3 170.38 
 NCAR 159.9 184.7 185.81 
 MIROC 219.51 169.47 237.63 
     
w Control 24.91 27.88 23.68 
 GFDL 24.22 24.74 22.39 
 NCAR 26.34 28.35 26.26 
 MIROC 24.11 26.53 27.96 
     
ζ Control 0.019 0.014 0.015 
 GFDL 0.011 0.012 0.014 
 NCAR 0.014 0.022 0.015 
 MIROC 0.015 0.015 0.013 
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APPENDIX E: CALCULATION OF SOCIAL VULNERABILITY 
 
From Carroll-Smith (2014), social vulnerability uses socioeconomic data (e.g. income, 
ethnicity, education, etc.), in addition to emergency preparedness survey data and building codes. 
Each contributing factor incorporates one or more indicators (e.g. age has 2 indicators; 0-5 and 
65+), and indicators are given equal weights, with the exception of male and female populations. 
Male and female indicators are weighted such that a male would contribute more to vulnerability, 
as research shows men are more likely than women to perish in severe weather events 
(Rappaport 2010). The factors are then normalized to a value between 0 and 1 using a standard 
approach. The normalized factors are added together to give a total score between 1 and 10, with 
10 being the most vulnerable. Social vulnerability is highest in New Mexico, western Texas, 
Arkansas, and portions of the Southeast. 
 
 
 
 
 
 
 
 
